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Migration of immune cells within the human body allows them to fulfill their main function of
detecting pathogens. Adopting an optimal navigation and search strategy by these cells is of crucial
importance to achieve an efficient immune response. Analyzing the dynamics of dendritic cells in our
in vitro experiments reveals that the directional persistence of these cells is highly correlated with
their migration speed, and that the persistence-speed coupling enables the migrating cells to reduce
their search time. We introduce theoretically a new class of random search optimization problems by
minimizing the mean first-passage time (MFPT) with respect to the strength of the coupling between
influential parameters such as speed and persistence length. We derive an analytical expression
for the MFPT in a confined geometry and verify that the correlated motion improves the search
efficiency if the mean persistence length 〈ℓp〉 is sufficiently shorter than the confinement size. In
contrast, a positive persistence-speed correlation even increases the MFPT at long 〈ℓp〉 regime, thus,
such a strategy is disadvantageous for highly persistent active agents.
A successful immune response crucially depends on its
first steps: finding harmful pathogens. In general, search
and transport efficiency of random processes have been
quantified by observables such as the diffusivity of ran-
domly moving particles [1], the reactivity of transport-
limited chemical reactions [2], the cover time to visit all
sites of a confined domain [3, 4], or often by the mean
first-passage time (MFPT) that a searcher needs to find
a target [5, 6]. Optimal search strategies considered so
far minimize the MFPT or equivalently the cover time
with respect to one of the key parameters of the problem.
This can be either a structural property of the environ-
ment in which the particle moves [7, 8] or a parameter of
the stochastic motion (e.g., the persistency in active ran-
dom searches [9], the resetting rate in diffusion processes
with stochastic resetting to the initial position [10, 11],
the ratio between the durations of diffusive and directed
motion in intermittent searches [5, 12, 13], or the speed
of the searcher when passing over a target location [14]).
However, the influential factors governing the search effi-
ciency are correlated in general. For instance, a universal
coupling between migration speed and directional persis-
tence has been recently reported for various cell lines me-
diated by retrograde actin flows [15]. Alternative optimal
search strategies for such correlated stochastic processes
need to be developed.
Adopting an efficient search and navigation strategy
is of particular importance in biological systems as, for
example, in search for specific target sites over a DNA
strand by proteins [16–18], escape through small ab-
sorbing boundaries and targeted intracellular transport
[7, 19], delivery of chemical signals in neurons [20–22],
bacterial swimming and chemotaxis [5, 23–25], and an-
imal foraging [14, 26, 27]. It is often hypothesized that
the motility of mammalian cells enables them to effec-
tively fulfill their biological functions. Migration of im-
mune cells [28–30], which is expected to be optimized in
the course of evolution to achieve an efficient immune
response, is of particular interest. Nevertheless, the op-
timality of the search for pathogens and other targets
by immune cells has neither been precisely verified nor
systematically studied. Understanding the mechanisms
of adaptive search and clearance in the immune system
opens the way toward more effective cancer immunother-
apies and vaccine design.
Here we consider theoretically a correlated stochastic
process and introduce, for the first time, a new class of
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FIG. 1. (a) Sample cell trajectory, color coded with respect
to speed. (b) Cell persistence length ℓp (scaled by the mean
distance ℓ between successive recorded positions) in terms of
migration speed v. The dashed line shows the fit via Eq. (1).
Inset: Log-lin plot of ℓp/ℓ vs v. (c) Comparison between the
conditional MFPT τ∗ of two categories of cells with low and
high p−v correlation.
2optimal search strategies based on tuning the strength
of coupling between key parameters. Inspired by the
observed correlations in the dynamics of dendritic cells
[15, 31], we consider the correlation between the migra-
tion speed v and directional persistence p of the searcher.
The optimization is achieved by analytically calculating
the MFPT and minimizing it with respect to the strength
κ
pv
of p−v coupling. The success of the scheme in im-
proving the MFPT nontrivially depends on the ratio be-
tween the mean persistence length 〈ℓp〉 of the searcher
and the system size L; in the regime 〈ℓp〉≪L (〈ℓp〉∼L),
the correlated motion is advantageous (disadvantageous)
for reducing the search time. We experimentally investi-
gate the dynamics of dendritic cells (responsible for tissue
patrolling and antigen capture [30, 32]) and expectedly
observe a significant persistence-speed correlation [15, 31]
(see Fig. 1). Our data analysis also reveals an interest-
ing inverse dependence of the MFPT on the coupling
strength, in agreement with our analytical predictions
for the low persistence regime.
Migration of dendritic cells.— To study the dynamics
of migrating cells in our in vitro experiments, we tracked
the 2D motion of Murine bone marrow-derived immature
dendritic cells with typical size of nearly ten micrometers.
The motion was confined between the cell culture dish
and a roof held by microfabricated pillars made out of
Polydimethylsiloxane (PDMS) as described in [33] at a
height of 3µm. Both surfaces were coated with PLL-
PEG (0.5 mg/mL), a non-adhesive material to exclude
movement by cell adhesion. The cell concentration was
low enough to treat the cells as non-interacting. Cell
nuclei were stained with Hoechst 34580 (200 ng/mL for
30 min) (Sigma Aldrich, St Louis, USA) and migration
was recorded by epifluorescence microscopy for at least
6h at 37◦ with a camera of 6.5µm pixel size and sampling
rate of 20 frames/h.
A typical cell trajectory is shown in Fig. 1(a), evi-
dencing that the path is more straight when the migra-
tion speed is higher. We quantify the cell persistence—
the ability of the cell to maintain its current direction
of motion— by p=cos θ with θ being the orientational
change at each recorded position [34–36], from which the
instantaneous persistence length ℓp can be estimated as
ℓp=
−ℓ
ln |p| (ℓ is the mean distance between two succes-
sive recorded positions) [37]. The leading contribution
in the limit of small θ goes as O( ℓ1−p ). After averag-
ing over all trajectories and speed binning intervals of
∆v=1µm/min, we observe a clear coupling between the
cell persistence p and the migration speed v, which can
be fitted by an exponential saturation p = p
∞
(1−e−γv),
with p
∞
≈ 0.7 and γ≈ 0.3. The behavior of ℓp is well fitted
by a logistic function
ℓp =
ℓp
∞
1 + (
ℓp
∞
− ℓp
◦
ℓp
◦
)e−γv
, (1)
where ℓp
◦
is the persistence length of a nonpersistent mo-
tion and ℓp
∞
≃
ℓp
◦
1−p
∞
[Fig. 1(b)]. ℓp initially grows expo-
nentially as ℓp∝ e
γv [15] but eventually saturates to ℓp
∞
at high speeds. To describe the overall coupling strength
for individual cells we calculate the p−v correlation co-
efficient corr(p, v)= cov(p,v)
σpσv
for each cell. When averaged
over all trajectories, a strong correlation around 0.9 is
obtained.
The key question is whether such a correlated random
motion helps the immune cells to improve their search
efficiency. To answer this, we selected two subpopula-
tions of cells with distinct mean correlation coefficients
0.2± 0.05 and 0.8± 0.05. By calculating the conditional
MFPT τ∗— i.e. over successful trials to reach a random
hidden target— per unit area for each category (scaled
by their mean speeds) and various target sizes we ob-
tain 10−15% lower search times at higher correlations, as
shown in Fig. 1(c). In order to understand these MFPT
results we develop a stochastic model for correlated per-
sistent search in the following, and prove that p−v cou-
pling strategy is only beneficial for relatively weak per-
sistencies, as in the case of dendritic cells.
Correlated persistent search model.— We consider
a discrete-time persistent random walk on a two-
dimensional square lattice of size L with periodic bound-
ary conditions [Fig. 2(a)]. At each time step, the searcher
moves v steps drawn from a speed distribution f(v). It
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FIG. 2. (a) Sketch of the correlated persistent random search
on a square lattice. (b) MFPT of a constant ℓp and v process,
scaled by the MFPT of a diffusive searcher, vs ℓp normalized
by L (L=200). (c) MFPT of a correlated p−v process, scaled
by the MFPT when κpv=0, vs the coupling strength κpv .
Each curve belongs to a different regime of 〈ℓp〉 shown in
panel (b). The dashed lines represent analytical predictions
and the symbols are simulation results. (d) MFPT scaled by
the optimal search time of the constant ℓp process vs κpv and
scaled 〈ℓp〉.
3either continues along the previous direction of motion
with probability q+p or chooses a new direction, each
with a probability q, so that 4q+p=1. The persistency
parameter p (and thus q) depends on the instantaneous
speed v and ranges from 0 (ordinary diffusion) to 1 (bal-
listic motion). The instantaneous persistence length can
be obtained as ℓp=
∞∑
ℓ=1
ℓ(q+p)ℓ−1(1−q−p)=43
1
1−p(v) .
Assuming that a single target of one lattice-unit size is
located at r
T
(equivalent to regularly spaced targets on
an infinite plane with 1
L2
density), we introduce τ(r, v, σ)
as the MFPT of reaching the target starting at position
r (6=r
T
) with speed v and orientation σ ∈ {→,←, ↑, ↓}.
The evolution of τ(r, v, σ) can be described by the fol-
lowing backward master equation
τ(r, v,→)=
∫
dv′f(v′)
[
(q+p) τ(r+viˆ, v′,→)+
q τ(r−viˆ, v′,←)+q τ(r+vjˆ, v′, ↑)+q τ(r−vjˆ, v′, ↓)+1
]
,
(2)
and similar master equations for τ(r, v,←), τ(r, v, ↑)
and τ(r, v, ↓). The possible velocities are limited to
the integer values v′∈[0, vmax], which are supposed to
be equally probable for simplicity. By introducing the
Fourier transform τ(k, v, σ)=
∑
r
τ(r, v, σ) e−ik·r and us-
ing
∫
dvf(v) τ(k, v, σ) = τ(k, σ) for a uniform distribu-
tion f(v), after some calculations we obtain
τ(k, σ)=
F (k)+S
(
δ(k)−e−ik·rT
)
1−Bσ(k)
, (3)
with Bσ(k)=
1
L
vmax∑
v=0
p(v)eivkσ, F (k)= 1
L
∑
v
p(v)
∑
σ
eivkστ(k, σ),
S=L2, and kσ∈{k · iˆ,−k · iˆ,k · jˆ,−k · jˆ}. Next we multiply
Eq. (3) by eivkσ and sum over σ and v to derive a closed
expression
F (k)=
A(k)S
(
δ(k)−e−ik·rT
)
1−A(k)
. (4)
Here A(k)= 1
L
∑
v
p(v)
∑
σ
eivkσ
1−Bσ(k)
. Inserting F (k) into
Eq. (3) and averaging over all directions σ then yields
τ(k)=
C(k)S
(
δ(k)−e−ik·rT
)
1−A(k)
, (5)
where C(k)= 14
∑
σ
1
1−Bσ(k)
. Finally, we apply the in-
verse Fourier transform (with the components of avail-
able modes being ki=
2πni
L
, ni∈[0, L−1]) and numerically
average over all possible starting positions r to obtain
the overall MFPT τ .
In the case of constant persistence and speed, the re-
sults of a single-state persistent random search [9] are
recovered, where the MFPT shows a minimum τopt at
an optimal persistence length ℓoptp ; see Fig. 2(b). The op-
timal value
ℓoptp
L
slightly decreases with increasing L. For
correlated random searches, we consider a linear relation
between ℓp and v for simplicity, corresponding to an ex-
pansion of Eq. (1) up to the first order term in v. We
use
ℓp
〈ℓp〉
=κ
pv
(v˜−1)+1, (6)
with v˜ being the scaled speed v˜= v〈v〉 and κpv the strength
of persistence-speed coupling. The persistence length ℓp
equals 〈ℓp〉 for zero coupling coefficient and ranges within
[0, 2〈ℓp〉] for κpv=1. By inserting the resulting persis-
tence parameter p(v) in the above formalism, we obtain
τ(〈ℓp〉, κpv ). We checked that using Eq. (1) instead of
Eq. (6) yields qualitatively analogous results to those re-
ported in the following.
Combined effects of 〈ℓp〉and κpv on search efficiency.—
Interestingly, Fig. 2(c) reveals different dependencies of
the MFPT on the coupling strength κ
pv
for choices of
〈ℓp〉 taken from low, intermediate, and high persistence-
length regimes A, B, C, as specified in Fig. 2(b). While τ
is a decreasing function of κ
pv
at low 〈ℓp〉, the search effi-
ciency at high mean persistence lengths even reduces with
increasing κ
pv
. Compared with the optimal choice of the
constant persistence length strategy, the p−v correlated
search is always less efficient but approaches the search
time τopt of the former strategy at 〈ℓp〉 values around
ℓoptp ; see Fig. 2(d). Note that even at κpv=0 the two
strategies are not equivalent as the velocity is a variable
quantity in the correlated search strategy (uniformly dis-
tributed within [0, 2〈v〉]). The fact that the search time
for the optimal choice of constant persistence length ℓoptp
is the absolute minimum over all correlated and uncor-
related persistent searches provides a qualitative expla-
nation for the observed behavior in correlated random
searches; inducing p−v coupling at low 〈ℓp〉 regime A
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FIG. 3. (a) Example of correlated (v, ℓp) pairs generated in
simulations with the coupling strength κpv=0.8, drawn from a
distribution with 〈ℓp〉=30 (dashed line) and width ∆=1. The
solid line represents the p−v coupling according to Eq. (6).
L=200. (b) Influence of the distribution width ∆ on the
MFPT as a function of the coupling strength κpv .
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FIG. 4. Phase diagram of the MFPT in (κvv , κpv ) plane for different values of mean persistence length 〈ℓp〉. The search time of
an uncorrelated p−v process in the absence of speed autocorrelations τ (κvv=κpv=0) is taken as the reference for comparison in
each panel. The color intensity indicates the deviation from the uncorrelated-search time, with red (blue) reflecting a decrease
(increase) in the search efficiency.
helps to effectively increase the persistence of motion
i.e. toward ℓoptp . This is in sharp contrast to the high
〈ℓp〉 regime C where the increase of effective persistence
length by p−v correlations drags it away from ℓoptp leading
to a less efficient search. In the plateau regime B the p−v
coupling is expectedly less influential. We can analyti-
cally verify a distinct dependency of τ on κ
pv
at two ex-
treme regimes 〈ℓp〉→0 and 〈ℓp〉→L: Up to the leading or-
der term, τ increases linearly with κ
pv
at high persistency
as τ(〈ℓp〉→L)∼
1
1−p=a1〈ℓp〉κpv+a2; however, it decreases
inversely with κ
pv
when the persistency is extremely low,
where it can be shown that τ(〈ℓp〉→0)∼
1−p
1+p=
1
b1〈ℓp〉κpv+b2
(a1, b1>0).
Speed autocorrelation.— So far we analytically ob-
tained the MFPT in the presence of persistence-speed
correlation for a randomly varying speed at each time
step. However, the successive instantaneous speeds can
be correlated in general such that the searcher experi-
ences a rather smooth speed change over time. For in-
stance, we obtain a positive speed autocorrelation coeffi-
cient κ
vv
≈ 0.3 for the dendritic cells in our experiments.
To incorporate the speed autocorrelation in our analyt-
ical approach, one should replace the speed distribution
f(v′) in the master equation (2) with the probability dis-
tribution of speed change f(v−v′). Analytical determi-
nation of the MFPT for autocorrelated speed however
appears to be intractable; thus, we resort to Monte Carlo
simulations to generate the desired stochastic motion.
In our simulations, we use the sum-of-uniforms algo-
rithm [38–40] to correlate speed and persistence length
and to include speed autocorrelation. The algorithm al-
lows for inducing a certain degree of stochasticity in the
resulting v and ℓp values, which is controlled by an ad-
ditional parameter ∆. At each time step, first a new
speed is chosen from a distribution around the current
speed, which generates the demanded speed autocorrela-
tion κ
vv
. Then a new ℓp is chosen from a uniform distri-
bution of ℓp values around the value determined by the
p−v coupling strength κ
pv
and the local speed v accord-
ing to Eq. (6) [red line in Fig. 3(a)]. This results in the
cloud of blue dots in the figure. The parameter ∆∈[0, 1]
tunes the actual slope of the cloud (the upper limit is
however set by κ
pv
) and allows for ±∆〈ℓp〉 overall fluctu-
ations. As shown in Fig. 3(b), τ approaches the MFPT
of uncorrelated motion by decreasing the scattering pa-
rameter ∆. Here we show the simulation results for ∆=1
corresponding to the widest overall range of persistence
length [0, 2〈ℓp〉]. Once the new v and ℓp are determined,
we extract the instantaneous persistence p of the searcher
and move it v sub-steps within one time step by allowing
it to change the direction of motion after each sub-step
according to the persistence probability p.
The results of uncorrelated speeds κ
vv
=0 in different
regimes of 〈ℓp〉 are shown in Fig. 2(c); the agreement be-
tween analytical predictions and simulation results is sat-
isfactory. When speed autocorrelations are switched on,
we find that the trends reported in Fig. 2(c) remain qual-
itatively valid. κ
vv
plays a relatively insignificant role in
determining the search time, while 〈ℓp〉 and κpv are influ-
ential factors. We extend the range of correlation coeffi-
cients κ
pv
and κ
vv
to negative values for anti-correlated
dynamics. Figure 4 summarizes the results in a phase
diagram of search times in (κ
vv
, κ
pv
) plane. τ shows
only modest dependence on κ
vv
(subtle color intensity
changes along horizontal lines) but variation of κ
pv
may
cause even up to 25% changes in the search time. An-
other point is that inducing p−v anticorrelation reduces
the effective persistence of motion, thus, acts in the op-
posite direction, i.e. it improves the search time in regime
C while leads to an increased search time in regime A.
Immature dendritic cells are located in the intersti-
tial space of peripheral tissues. In the skin, for example,
the dermal dendritic cells are present in a high density
of a few hundred cells per mm2 [41]. If each dendritic
5cell patrols, on average, an area of linear size L∼100µm
with a persistence length of less than 10µm (for typical
speeds of 3−4µm/min and assuming even a high persis-
tence p≈ 0.7 before reaching the p−v saturation regime),
then these cells belong to the weakly persistent regime A
in Fig. 2(b) (indeed regime A is even more extended to
right for such small patrolling areas). In small intra-
pulmonary airways, the density of dendritic cells is less
than a hundred per mm2 in the absence of inflammation
[42]. In such regions, each cell is responsible for patrolling
a larger area and the corresponding relative persistence
length in Fig. 2(b) further shifts to the left in zone A.
As a result, p−v correlations are beneficial for immature
dendritic cells to improve the search efficiency in various
biological environments.
In summary, our study suggests improving the search
efficiency of an active agent by inducing persistence-
speed correlations and/or speed autocorrelations. Our
key finding is that a correlated random motion is not
necessarily an optimal search strategy in general; it is
advantageous for dendritic cells moving with a persis-
tence length much smaller than the size of the environ-
ment, however, highly persistent active agents should
even adopt an anticorrelation between their speed and di-
rectional persistence to reduce their search time. By op-
timizing the search efficiency with respect to the strength
of coupling between influential parameters, we intro-
duced a new class of random search optimization prob-
lems with broad application to correlated stochastic pro-
cesses such as chemotaxis and chemokinesis dynamics.
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